The maximum depth of scouring around spur dikes plays an important role in the hydraulic design process. There have been many studies on the maximum depth of scouring, but there is little information available on the time variation of scour depth. In this paper, the time variation of scouring around the first spur dike in a series was investigated experimentally. Experiments were carried out in four different bed materials under different flow intensities (U/U cr ). To achieve a time development of scouring around the first spur dike, more than 750 sets of experimental data were collected. The results showed that 70-90% of the equilibrium scour depths were occurring during the initial 20% of the overall time of scouring. Based on the data analysis, a regression model and artificial neural networks (ANNs) were developed. The models were compared with other empirical equations in the literature. However, the results showed that the developed regression model is quite accurate and more practical, but the ANN models by feed forward back propagation and radial basis function provide a better prediction of observation. Finally, by sensitivity analysis, the most and the least effective parameters, which affected time variation of scouring, were determined. 
INTRODUCTION
Spur dikes are used to protect river banks from erosion and also to keep the main channel navigable. These structures are built from the river bank into the stream flow, usually in a group. A spur dike may be submerged during flood conditions or be exposed during the low flow. Spur dikes may be classified into two types: impermeable and permeable.
Generally, the submerged condition is undesirable for impermeable spur dikes since the overtopping flow may cause severe erosion and damage (Zhang ) . A major concern around spur dikes is local scouring which can cause failure of these structures. The type of local scour is Generally spur dikes are arranged in a group to improve efficiency and a single spur dike is not commonly used in actual cases. Gisonni et al. () recommended that spur spacing (X ) should be between two and four times the spur length (L) to maintain flow recirculation and spur integrity; a spur length to river width ratio (L/B) up to 0.25 will result in a contraction effect of the spur arrangement on to the river flow and the spur alignment is usually 90 W , that is, perpendicular to the river axis, with possible angles being between 60 W and 120 W . Also, Zhang () recommended that the ratio of spur spacing and spur length (X/L) should be less than three to prevent the channel bank from erosion of the returning currents. He also found that the scour is insignificant after the fourth spur dike. In a series of consecutively built spur dikes, the first upstream spur dike should be built to be sturdier, because the secondary flow has a more destructive force on this structure. Suzuki () suggested estimating the maximum scour depth at the first spur dike with any empirical formula for a single spur dike. Other spur dikes have little effect on the scour depth of the first spur dike.
Time duration is an important parameter in the prediction of scour depth around the first spur dike. Some equations for the prediction of time variation of scour depth around abutments and spur dikes are shown in Table 1 .
In recent years, intelligent methods such as artificial neural networks (ANNs), genetic algorithms (GAs) and neuro fuzzy systems have been used widely to address various complex problems in different fields of engineering (Savic et al. ; Hsu ) . Giustolisi & Savic () studied the prediction of groundwater level variation by rainfall. They improved the evolutionary polynomial regression (EPR) strategy by using a multi-objective GA.
Their results showed that the multi-objective approach is a 
ARTIFICIAL NEURAL NETWORKS
An ANN is a mathematical tool, which tries to represent low-level intelligence in natural organisms and a flexible structure, capable of making a non-linear mapping between input and output spaces. A neuron is the smallest unit of information processing; Figure 1 shows a neuron with
and W ¼ (w 1 , w 2 , … , w R ) as network parameters (weight) and the goal is to approximate a multi-variant function f(x). The learning procedure is to find the best weight vector (W ) to achieve the best approximation of f(x).
n is the output of each neuron, as obtained from
Equation (1).
where b is a bias which affects an n (output). From Figure 1 and Equation (1) the results are
The function ( f ) is selective and it may be linear or nonlinear. The common function for this purpose is the sigmoid function, which is given by
In this study a feed forward network (FFN) is used for estimating the time variation of scour depth around the first spur dike. In the FFN, nods are arranged in layers, the first layer is input data, the middle layers introduce hidden layers and the last layer is the output results. Determining the appropriate number of neurons in the hidden layers is an important aspect of an efficient network.
Hecht-Nielsen () suggested an upper limit of (2i þ 1) hidden layer neurons, where i is the number of input neurons. In this study, the number of neurons in the hidden layers was detected by using a trial and error method. Input data should be normalized. There are various methods to normalize the data which have been adopted in the literature. Normalization is performed herein by using a linear scaling of raw data as follows
where X n is the normalized value of X, and X max is the maximum value and X min is the minimum value of each variable of the original data. This normalization is not essential, but allows the network to be trained better.
EXPERIMENTAL SETUP AND PROCEDURES
All experiments were carried out in four flumes. 
where u *cr was obtained from the Shields diagram (Table 2) and K s is equivalent roughness (equal to 2D 50 ).
The time variation of scour depth around the first spur EXPERIMENTS AND OBSERVATIONS , in which 95% of this value occurred around the first spur dike. Moreover, the following observations were made from the scour process during the tests.
1. In a series of consecutive parallel spur dikes, the maximum scour depths occurred around the first and the last spur dikes.
2. In the scour hole upstream of the spur dikes, a creeping motion of sediments occurred because of the downward flow. Downstream of the spur dikes, sediments were suspended and lifted owing to upward flow into the scour hole. Between two consecutive spur dikes, sediments were deposited because of the decrease in velocity.
3. In the test section, where spur dikes were located, the shear stress on the bed was more than critical shear stress causing the removal of sediments from the bed. 
ANALYSIS OF EXPERIMENTAL DATA (REGRESSION AND ANN MODELS)
A total of 787 test data were collected from the experiments.
Out of that total, 590 data (75% of total data) have been ran- Three-quarters of all available data were randomly selected for training the networks and the remaining data were used to validate the networks as similarly for regression model. To evaluate the performance of the ANN models, they were divided in two groups (non-dimensional and dimensional model). This was done to investigate whether the use of the dimensional variables produced better results, than non-dimensional variables. showed that the performance of a single hidden layer is better than double hidden layers for the rainfall-runoff modeling. Therefore, an ANN model with one input layer, one hidden layer and one output layer was selected. In the hidden layer, the sigmoid transfer function was used and in the output layer a linear transfer function was used. To compare the performance of the regression model, empirical equations and ANN models, the criteria of mean-absolute error (MAE), root-mean-square error (RMSE) and coefficient of determination (R 2 ) were used.
In the first group (non-dimensional data), the training of ANN was performed using U/U cr and t/T as input data and the relative scour depth (d st /d se ) as output data. To determine the number of neurons in the hidden layer, many networks were developed. The best networks with structural details are given in Table 3 . Table 4 Therefore the training of the ANN was performed using U, D 50 , t, T and d se as inputs and the time variation of scour depth (d st ) as the output. Table 5 shows the best networks with structural details for the second group of ANN. In Table 6 performance parameters in different ANN models in training and validation stages are presented. According to Table 6 , the FFBP model has a better performance than the RBF model. Therefore, the FFBP model is recommended to predict time variation of scouring in dimensional analysis. 
COMPARISON OF REGRESSION MODELS WITH ANN MODELS
The ANN and regression models which are developed in this study and empirical equations were compared using validation data. First, the regression model in the present study was compared with other empirical equations. The results are shown in Table 7 . According to (6) is shown in Figure 11 . Scattering of the measured time variation of scour depth data ( Figure 11) indicates that the models that were developed for abutments may not provide suitable results for spur dikes. Moreover, the time variation of scouring around the first spur dike is more rapid than the time variation of scouring at the abutment. Equation (6) has better agreement by observed data than other empirical equations.
To evaluate the accuracy of the ANN models, a comparison between the regression and ANN models was undertaken. According to the literature and present results, it is concluded that the ANN models provide better prediction for time variation of scour than empirical equations.
Comparison between Figures 6, 7 and 9 demonstrates that ANN models are more reliable than Equation (6) ( 
SENSITIVITY ANALYSIS
Sensitivity analysis is commonly carried out to determine the relative significance of each independent parameter (input neurons) on the dependent parameter (output). The results of sensitivity analysis for non-dimensional and dimensional parameters are shown in Tables 8 and 9 respectively. Table 8 compares the ANN models with (U/ U cr ) and (t/T) as independent parameters by an ANN model where one of the independent variables was removed from the model. Table 8 indicates that (t/T) and (U/U cr ) have the most and the least effect on the relative scour depth (d st /d se ) respectively, as can be observed in Figure 4 also, whereas, the relative time (t/T) has more effects on the relative scour depth, as expected. Bateni et al. () also observed similar results for time-dependent scour depth around bridge piers. 
